Abstract Satellite-based remote sensing of marine microorganisms has become a useful tool in predicting human health risks associated with these microscopic targets. Early applications were focused on harmful algal blooms, but more recently methods have been developed to interrogate the ocean for bacteria. As satellite-based sensors have become more sophisticated and our ability to interpret information derived from these sensors has advanced, we have progressed from merely making fascinating pictures from space to developing process models with predictive capability. Our understanding of the role of marine microorganisms in primary production and global elemental cycles has been vastly improved as has our ability to use the combination of remote sensing data and models to provide early warning systems for disease outbreaks. This manuscript will discuss current approaches to monitoring cyanobacteria and vibrios, their activity and response to environmental drivers, and will also suggest future directions.
Introduction
The first satellite-based remote sensing of earth can be traced to the Explorer-6 satellite that sent back images in August 1959. This was quickly followed by the world's first weather satellite TIROS 1 that beamed back images of cloud formations and ocean storms in 1960. Astronauts on board various orbital missions starting in the 1960s and continuing through the era of the Space Shuttle to the International Space Station today have also provided spectacular photographs of blooms of cyanobacteria in the oceans. Remote sensing of biota, including bacteria, in the oceans exploit changes to the electromagnetic spectrum caused by the presence of biota that can be detected by space-based sensors. The first regular, near daily, global, high-resolution (1 km) satellite maps of ocean properties first became available in 1978 by the Advanced Very High Resolution Radiometer (AVHRR) that had four channels in the infrared and the Coastal Zone Color Scanner that had four channels in the visible. These instruments provided a new view of the oceans and revolutionized our understanding of ocean biota.
Background
The modes of observation can be classified into direct, indirect, and inference or model based. Direct observation is possible when bacteria can be seen by the space-based sensor and identified uniquely by their optical properties. There are few instances of direct observation of bacteria, the two most spectacular examples being mapping of massive surface accumulations of colonial cyanobacteria that can cover 100 s of thousands of square kilometers [12, 38] (Fig. 1a, b) and detection of bioluminescence attributed to a bloom of bacteria that covered more than 15,000 km 2 [50] . Indirect observations are those involving identifying and quantifying bacteria based on physical or physiological properties, including optical properties of pigments such as chlorophyll or phycoerythrin found in phototrophic cyanobacteria [47] . An example of inferred or model-based detection of bacteria from space is the detection of Enterococcus. Here, a correlation is derived between Enterococcus counts and particle concentration and the particle concentration is estimated from satellite measurements [73] . Similarly, Vibrio concentrations can be estimated using a model that links Vibrio abundance to various remotely sensed environmental parameters such as sea surface temperature and phytoplankton abundance [13] .
Most satellite-based remote sensing of ocean biota is accomplished by recording changes to the electromagnetic spectrum by active or passive sensors. Passive sensors detect radiation-light or heat-emanating from the ocean. For example, passive ocean color sensors measure sunlight scattered back from below the sea surface and detected by a satellitebased sensor. Infrared passive sensors are used to measure sea surface temperature (SST). Active sensors, on the other hand, have their own source of "illumination" that is beamed down to the ocean and the reflected signal is used to infer properties about the surface of the ocean. Currently there are active sensors that work in the microwave part of the electromagnetic spectrum and these are used to study sea surface roughness and sea surface salinity (SSS), both properties of interest when inferring information about bacteria. Synthetic Aperture Radar (SAR), an active sensor, has the advantage of being able to "see" through clouds and has been used to map massive surface blooms (Fig. 2c) . There are plans to deploy an ocean color satellite that will carry a laser to induce a fluorescence signal to quantify phytoplankton biomass as well as physiology.
The most frequently employed method to study ocean biota uses visible band sensors to detect changes in the color of water caused by constituents in the water, the most common being chlorophyll. When sunlight enters the ocean, it is either absorbed or scattered. The light that is scattered in the backward (upward) direction reemerges from the ocean surface and travels through the atmosphere before being detected by the satellite sensor in space. The processes of absorption and scattering of light in the water by water molecules, particles (including bacteria), and dissolved matter change the wavelength of light that emanates from the sea surface-the color of ocean. Thus, the characteristic color of open ocean waters that have relatively low concentrations of material other than seawater itself is blue while coastal waters that are rich in phytoplankton are green or brown if there is a lot of dissolved material. Satellite sensors have detectors-a few at select 10-20 nm wide bands for multispectral sensors or several narrower bands that span the spectrum from 400 to 700 nm for hyperspectral sensors-to measure light emanating from the sea surface at these specific wavelengths. Algorithms have been developed to deconvolute relationships between the amount of light at specific wavelengths and estimated concentrations of the various constituents, such as chlorophyll, particles, and colored dissolved organic matter. A major challenge to ocean color remote sensing is the interference of atmosphere on the signal received by the sensor in space. About 90-95 % of the signal detected by the sensor is light scattered by the atmosphere which has no oceanic origin. The atmospheric signal has to be removed in order to derive quantitative information about the ocean. This challenge is especially difficult in coastal waters that are more complex because of the heterogeneity in both constituents of the water and the atmosphere. Although tremendous progress has been made in solving this problem over the last 25 years, it remains one of the greatest sources of uncertainty in ocean color remote sensing. To identify and quantify a given species of bacteria from space, the organism must have characteristic properties that can be remotely sensed. Phototrophic bacteria such as cyanobacteria carry auxiliary pigments, including phycoeryrthin (PEB) and phycocyanin that have unique optical properties. Researchers [9, 64] have proposed techniques that exploit changes in absorption of light caused by these pigments to identify and quantify cyanobacteria, such as the filamentous, non-heterocyctous Trichodesmium spp. However, it should be noted that Garver and Siegel [27] analyzed about 400 in situ absorption spectra and concluded that more than 99 % of the variance found in absorption spectra of particulate matter found in the sea was related to the total amount of material and only a very small signal (less than 0.5 %) was caused by auxiliary pigments-i.e., variance in the amount of phytoplankton biomass was overwhelmingly more important than the relatively subtle changes in the makeup of the pigments. In other words, they concluded that for typical conditions with mixed populations homogeneously mixed through the upper water column, it was unlikely that ocean color remote sensing would be able to uniquely identify particular phytoplankton groups. Morel [51] analyzed optical data collected during a dense bloom (3×10 8 cells per liter) of Synechococcus, a cyanobacterium that contains PEB, and contributed more than half the phytoplankton found at that location. He concluded that it would be "illusory to expect more than the possibility of producing an index or a flag indicating the presence of PEB bearing organisms" from ocean color sensors.
Another use of remote sensing is to infer the presence of bacteria by employing a combination of satellite-based observations, knowledge of environmental parameters that control bacterial presence and activity, and ecosystem models. For example, although there are no algorithms at present for direct detection and quantification of Richelia, a nitrogen-fixing symbiotic cyanobacterium found in association with diatoms, Wilson [71] used a combination of remotely sensed chlorophyll, sea surface height (SSH), and SST to conclude that late summer blooms in the North Pacific Subtropical Gyre were associated with this organism. There are efforts underway to use the relationship between bacteria attached to particles and remotely sensed particle concentration to model and predict water quality in coastal waters. Similar efforts, described in detail below, have been successfully used to predict cholera caused by Vibrio cholerae, health risks associated with Vibrio parahaemolyticus in raw oysters, and health risks associated with Vibrio vulnificus in raw oysters and seawater. And most recently, the European Centre for Disease Prevention and Control has has posted a Vibrio page in their site at https:// e3geoportal.ecdc.europa.eu/SitePages/VibrioRiskMap.aspx The ability to predict outbreaks and epidemics of cholera months in advance has implications far beyond the immediate morbidity and mortality associated with the disease. This includes the potential to mitigate the wide range of socioeconomic factors that are inevitable consequences of an epidemic. In addition, longer term health burdens from malnutrition, such as stunted growth, can be decreased with rapid intervention to mitigate effects of diarrheal diseases such as cholera [24] .
Most research on use of satellite imaging for cholera prediction has focused on Bangladesh and the Bay of Bengal, but more recent studies include the Mediterranean and African coastal countries. Since 1960, researchers have noted a relationship between coastal algal blooms and seasonality of cholera ( [59] ; reviewed by Colwell and Spira [14] ). This in turn has led to extensive research on the relationship between the causative organism of the disease, V. cholerae, and a suite of environmental parameters that promote its growth and distribution, as well as timing of epidemics. In particular, the relationship between V. cholerae and zooplankton was established by Colwell and colleagues in their seminal work in the 1980s [13, 31] . This relationship suggests that the ability to remotely monitor algal blooms represents a powerful predictive tool for cholera epidemics.
One of the earliest publications directly addressing the use of remote sensing for detection of V. cholerae was published in 2000 by Lobitz and colleagues [43] . These authors argued that linking algal blooms to cholera epidemics requires field measurements of seawater temperature, nutrient concentration, and plankton biomass, and cholera case data. These oceanographic data are expensive and time-consuming to measure and as a consequence are often sparse in time and space. The scarcity of environmental data makes it difficult to extrapolate to a broader geographic region. Remote sensing of large areas of the ocean offered a very attractive alternative to field surveys. Of particular interest in the study was SST because of its relationship to phytoplankton growth [22] and SSH that has an association with coastal flooding and the potential for increased human exposure. At the time of the Lobitz study, SST was measured by the AVHRR sensor and SSH by TOPEX/Poseidon radar altimeter. Data from both sensors were made available through the NASA Physical Oceanography Distributed Active Archive Center at the Jet Propulsion Lab. The authors observed patterns of cholera outbreaks that were consistent with SST data, with SSH explaining, in part, inconsistencies between cholera and SST. In 1997, the launching of the Sea-viewing Wide Field-of-view Sensor allowed chlorophyll concentration data to be accessed and allowed for more sophisticated analysis of seasonal trends.
However, it has become apparent that cholera outbreak prediction cannot be based on a single remote sensing parameter and recent publications have focused on composite models to improve the predictive power of remote sensing data for cholera outbreaks (Fig. 3) . Studies have modeled cholera prediction using a combination of chlorophyll, SST, and rainfall, and demonstrated a relationship between environmental variables and cholera epidemics with a 1-month lag [16] . However, they also found regional differences that required different models for prediction that were in part due to local differences in river flow and tidal intrusion. For the Bay of Bengal, studies have demonstrated major roles for hydroclimatic influences on cholera transmission cycles, with the two characteristic seasonal peaks in cholera cases each year attributed to different environmental drivers. Jutla, Akanda and colleagues [1, 34, 35] have argued that minimal dry season discharge resulting in saltwater and plankton intrusion is a driver of spring epidemics, whereas fall epidemics are more closely related to rain-induced flooding and subsequent contamination. Evidence of two independent physical drivers for phytoplankton abundance has been documented, the first is phytoplankton blooming produced by upwelling of cold, nutrient-rich deep ocean water and the second, explaining the Bay of Bengal findings, includes coastal phytoplankton blooming during high river discharges containing terrestrial nutrients. Thus, freshwater discharge can play a significant role [34] .
Although much of the research on remote sensing to predict cholera outbreaks has focused on the Bay of Bengal, limited work has also been conducted in other regions of the world susceptible to cholera. Reyburn et al. [57] present an interesting analysis of climate variability and cholera outbreaks in Zanzibar, East Africa. These authors used a seasonal autoregressive integrated moving average or SARIMA model to examine associations between climatic variables and the outbreaks. Their model demonstrated an association between cholera clusters and minimum temperature with a 4-month lag, and an association between an increase in rainfall with a 2-month lag. The interaction between rainfall and temperature resulted in a positive association with cholera with a 1-month lag. SSH and SST were not associated with cholera clusters in this study. Instead, the authors concluded increased human exposure through rain-induced flooding and the effect of temperature stimulating V. cholerae survival and growth were important. However, care should be taken in interpreting these time lag data. Another study in South Africa [48] found a strong association between a cholera epidemic and SST with a 0-month lag, and a "moderately strong" association with chlorophyll a with a 6-month lag. A weak relationship was also shown with SSH with a 5-month lag. Although there may be a rational hypothesis to explain these associations, spurious associations would no doubt be found between environmental drivers and epidemics if data were examined using multi-year time lags. An example is a study of cholera in the Republic of Senegal showing strong relationship between rainfall patterns and the pattern of cholera outbreaks in several regions of the country, after comparing rainfall patterns between 2002 and 2005 and the relationship between the seasonal temperature gradient in the tropical Atlantic Ocean and population over Senegal for 2005 [17] .
Although coastal phytoplankton and subsequent zooplankton blooms have become predictable events (although not yet predictive) preceding cholera epidemics in coastal areas of the Bay of Bengal, it has become increasingly obvious that these blooms alone are insufficient for assessment of future risk. Hydroclimatic influences on plankton blooms are important, with nutrients from river discharge playing a greater role in certain regions, while in other areas upwelling of nutrient-rich colder water may stimulate these blooms (e.g., [23] ). Human exposure is obviously a critical factor, in addition to rainfall and consequent flooding, as well as saltwater and plankton intrusion playing key roles. Each study provides new information to consider in predictive modeling of cholera outbreaks, and we are clearly getting closer to building specific models for each region that enables remote sensing data to be coupled with local conditions that reflect region-specific drivers of human exposure. The real strength in this approach to predictive modeling is not so much in the geographical locations where cholera is endemic, and vigilance is necessary to mitigate the burden of diarrheal disease, but rather in providing an early warning system with the potential to prepare for future outbreaks/epidemics in coastal regions with little or no prior history of the disease, as has occurred recently in Haiti, the Dominican Republic, and Cuba. Given the rate of climate change, with the potential for rapid ocean warming and sea level rise, the ability to use remote sensing data to provide early warning of emergence of a plankton bloom in coastal areas is invaluable. Coupled with an understanding of hydrodynamic and hydroclimatic influences, this information would be important not only for cholera prevention but also for risk assessments concerning algae toxins, eutrophication, and other deleterious effects on the marine ecosystem and consequent implication for human health.
Viewing V. parahaemolyticus
Following the pioneering work of Colwell and her colleagues, Grimes and DePaola decided to investigate the feasibility of predicting another Vibrio sp. using satellite remote sensing of SST (Grimes, personal communication). They used an algorithm developed by the US Food and Drug Administration (FDA) that incorporated SST to predict health risks associated with consuming raw oyster meats. Specifically, the algorithm used real-time SST to "now cast" V. parahaemolyticus levels in the meats. Andrea Phillips-Zimmerman worked with DePaola and Bowers (both with FDA) and carried out a project to further develop the algorithm and drive it with SST obtained by satellite RS.
Phillips-Zimmerman employed real-time temperature measurements (YSI salinometer, Oxford, Ohio) and colony DNA hybridization employing a probe for the thermolabile hemolysin gene (tlh) to measure levels of V. parahaemolyticus in oyster meats [74] . The relationship between real-time SST and satellite-derived SST was significant (R=0.86, p≤0.001, Fig. 4 ) which allowed use of satellite-derived SST to drive Fig. 3 The use of SST, SSH, and chlorophyll a to predict cholera incidence in the Bay of Bengal. (Figure adapted from Ford et al.
[25] and from Colwell and Calkins, unpublished data) the algorithm [56] . Salinity was added to the algorithm [mean log V. parahaemolyticus per gram=−1.904+0.084×(SST)+ 0.242×(salinity)−0.006×(salinity 2 )], improving its accuracy. In general, SST explained 50 % of the annual variation of V. parahaemolyticus in oysters harvested from the northern Gulf of Mexico [74] . The effect of salinity was nonlinear, i.e., salinity was significantly related to V. parahaemolyticus density. There was a direct linear relationship to a point (optimal water salinity for tlh was 22 ‰ and for oysters the optimum was 24 ‰), after which the relationship decreased as salinity values increased [32] .
NOAA Oceans and Human Health Initiative provided funds for work (DJG) with the National Center for Atmospheric Research to create a predictive website. The improved algorithm created by Zimmerman et al. [74] was the basis for the website; satellite-derived data were downloaded, first by USM scientists and subsequently by NOAA/NOS scientists [63] , and these data were used to drive the algorithm. Until recently, NOAA/NOS scientists downloaded satellite-derived data, ran the algorithm, and provided a map for NCAR to refresh the website and this was done approximately twice a month (see Fig. 5 and website at http://www.eol.ucar.edu/ projects/ohhi/vibrio/). In the near future, it is hoped that this entire process will be automated so that the downloaded remotely sensed data populates the website. Finally, the website is not intended to be used by regulatory agencies for enforcement. It is simply a predictive website to alert users that there may (or may not) be risk associated with consumption of raw oysters harvested from one or more indicated sites and that those oysters should be tested for the presence and abundance of V. parahaemolyticus.
Development of algorithms to predict distribution and abundance of V. parahaemolyticus and V. vulnificus at bathing beaches in the Mississippi Sound and V. vulnificus in oyster meats from Mississippi oyster reefs has begun. The data that will be used to create the algorithms will be obtained from NSF Ecology of Infectious Diseases grant that include Colwell and Grimes as co-PIs. These data include distribution and abundance of both vibrio species using tlh for V. parahaemolyticus and V. vulnificus hemolysin gene (vvh) for V. vulnificus, as well as a variety of environmental parameters [including SST, bottom temperature, surface salinity, bottom salinity, 18 pigments (including chlorophyll a, fucoxanthin, and alloxanthin), suspended particulate matter, and dissolved organic carbon]. Also included are wind direction and speed because it is hypothesized that strong southerly winds resuspend shallow sediments containing vibrios (Grimes, unpublished data). Wind data have been collected by the GCRL Beach Monitoring program and posted on their website for several years.
Several other studies have utilized remote sensing to analyze emergence of V. parahaemolyticus disease, particularly in areas where the infections are rare or at least considered to be "non endemic." Significantly, the studies provide striking evidence of warm water incursions that temporally and spatially correspond closely to reported disease outbreaks. These studies include V. parahaemolyticus outbreaks in Alaska in 2005 [46] , Northwest Spain in 1999 [3] , and South America, the latter during El Niño events [44] . Martinez-Urtaza et al. [45] also carried out an analysis of zooplankton and seawater, showing occurrence of V. parahaemolyticus in offshore areas to be almost exclusively associated with zooplankton and present in 80 % of the sample abundance, with occurrence of downwelling periods promoting zooplankton patchiness. Their findings, coupled with those of deMagney et al. [16] showing specificity of particular zooplankton groups to be consistently associated with V. cholerae, namely copepods, cladocerans, and rotifers, suggest that remote sensing is becoming increasingly more effective in prediction of blooms of those bacteria associated with human disease. Because SST alone provides, relatively speaking, such a useful measure of potential risk in temperate regions, remote sensing will, in all likelihood, provide a highly effective early warning system to manage public health risk.
With respect to climate change and ocean warming, the longterm effect of increasing temperature of the ocean on microbial populations was investigated using historical data, i.e., applying a retrospective molecular analysis of the bacterial community using formalin-fixed samples from the historical Continuous Plankton Recorder archive, one of the longest and most geographically extensive collections of marine biological samples in the world. Vezzulli et al. [68] were able to demonstrate the effect of ocean warming during the last half century on vibrios, including V. cholerae. Increased dominance within the plankton-associated bacterial community of the North Sea where an unprecedented increase in bathing infections has been reported. SST accounted for 45 % of the variance in vibrio data. This finding indicates that more precise data and improvement in hindcast and forecast analyses will allow even more precise prediction for public health application.
Viewing V. vulnificus-Examples from Europe and the USA
A number of recent reports have documented increasing Vibrio wound infections in Europe, notably linked to heat wave events in the Baltic and North Sea, such as those experienced in 1994, 2003, and 2006 [2] . Significantly, several of the fastest warming marine systems anywhere in the world are found in Northern Europe, including the North, White, and Baltic Sea, suggesting these areas may be undergoing a transition into "at risk" regions for Vibrio disease. Of the clinical cases reported in the Baltic and North Sea, the most serious infections appear to have been caused by V. vulnificus. Because this species has wellcharacterized ecological preferences (e.g., temperature and salinity optima), it is possible to develop remote sensing-enabled risk mapping of areas to identify regions where these pathogens may be proliferating during anomalously warm climatic events.
To this end, Baker-Austin et al. [2] developed a risk-based matrix using temperature and salinity to map risk in this region. Using past "at risk" episodes, such as the summers of 1994 and 2006, they were able to provide a mechanism to scrutinize retrospectively when and where clinical cases were reported utilizing a simple method based on SST and SSS (Fig. 6) .
A separate and novel extension of this work is to forecast future risk using statistical predictions of SST changes (e.g., driven by climate change) as well as population density (an indirect measure of exposure), thus providing a measure of possible changes in risk in coming decades. The regionalspecific risk maps are being expanded to include other geographical areas and, by incorporating past outbreak data, to validate models for other Vibrio species of interest. More sophisticated remote sensing-based risk mapping is also being developed that integrates a range of the most pertinent satellite-derived fields (SSS, SST, chlorophyll a, turbidity) with relevant epidemiology variables-such as population density, susceptible populations, recreational water usage, etc.-into a useable "nowcasting" approach similar in scope and vision to efforts in the USA. This technology is of particular application in coastal regions undergoing rapid warming, such as Europe, the Far East, and Canada [42] , and where vibriosis represents an emerging problem.
In the USA, V. vulnificus is officially recognized to be a serious health threat, accounting for a 50 % fatality rate in patients at risk (http://www.fda.gov/Food/ResourcesForYou/ HealthEducators/ucm085365.htm). The highest number of cases has been reported in summer months [60] . The Chesapeake Bay of the USA in particular is a region sensitive to climate change events, such as increased water temperature, precipitation, streamflow, and sea level rise [53] . These factors influence the geographical and seasonal variation of several vibrios including V. vulnificus [33] . Hindcast prediction was undertaken by Banakar et al. [4] to determine spatial and temporal variability in the likelihood of occurrence of V. vulnificus in surface waters of the Chesapeake Bay (Fig. 7) . The hindcast predictor yielded an improved understanding of environmental conditions associated with occurrence of V. vulnificus, notably temperature and salinity.
Ocean Color and Marine Microbial Ecology
In biological oceanography, the most pervasive use of satellites has been to characterize and detail the spatial and seasonal patterns of chlorophyll in the upper ocean [19] . At high latitudes, the chlorophyll signal largely derives from eukaryotic algae, such as diatoms, coccolithophorids, and dinoflagellates. However, in the low latitude oligotrophic oceans, much of the basic chlorophyll signal derives from the coccoid cyanobacteria of the genera Synechococcus and Prochlorococcus, numerically dominant phytoplankton in those systems [6, 55] . Efforts are underway to develop advanced algorithms that may be able to exploit reflectance spectra to detect the presence of diagnostic accessory pigments in order to identify specific algal and cyanobacterial taxa and functional groups [9, 18, 52] . Similarly, efforts are also ongoing to derive upper ocean primary production from these data [5] . Thus, satellite remote sensing is contributing directly to understanding of the role of the oceans and their picophytoplankton populations in the global carbon cycle.
Cyanobacterial Case Studies
Trichodesmium Trichodesmium, as noted above, has several unique attributes that have allowed for its unique identification under specific conditions, namely in addition to its absorption characteristics derived from the presence of PEB, it also contains gas vesicles that scatter light, making surface blooms of this organism "brighter." Indeed, senescing blooms have been described as silvery gray in color [20] . Water molecules absorb strongly in the red/near-infrared region of the spectrum and the optical signature of subsurface blooms in this region of the spectrum are lost due to absorption by water. However, gas vesicles in Trichodesmium cause it to accumulate at the surface as a microlayer above the water when wind stress is low, thereby creating high reflectance in the near-infrared-so high that surface blooms of Trichodesmium often are classified as clouds in standard satellite data processing analyses. This high reflectance of surface blooms of Trichodesmium was exploited by Subramaniam et al. [65] to detect the organism using visible and infrared bands of the AVHRR sensor. Capone et al. [12] used the same method to map a bloom of Trichodesmium in the Arabian Sea that covered an area greater than 2 million square kilometers. The combination of absorption, fluorescence, and scattering properties of Trichodesmium, in addition to highinfrared reflectance, has been used by researchers to develop satellite algorithms for its detection and quantification [7, 21, 30, 47, 65, 66, 69] .
Nodularia Blooms in the Baltic Sea
Each summer during upper water column warming, a sequence of cyanobacterial blooms occurs in the Baltic Ocean, usually culminating in a major bloom of Nodularia spumigena (Fig. 2a, b, c) . Nodularia, a nitrogen-fixing cyanobacteria, is also associated with Nodularin, a hepatotoxin [62] , and beta methyl amino alanine (BMAA), a neurotoxic amino acid [15] . Kahru [36] showed that surface blooms of these organisms can be detected using the AVHRR sensor and he compiled a time series of images to explore factors that contribute to formation and transport of these blooms [37] . Metsamaa et al. [49] developed algorithms for specifically identifying these organisms.
Microcystis Blooms in Lakes
Many of the cyanobacteria that bloom in freshwater lakes can be toxic and understanding bloom dynamics is a critical issue for Because pathogens of interest (e.g., V. vulnificus) have well-defined temperature and salinity optima, a combination of these two variables can be used to build a basic risk map. During 2006, a record number of Vibrio wound infections were reported in and around the Baltic Sea, which corresponded with a significant heat wave event [2] . Remote sensing-enabled risk mapping can be used to predict similar anomalous climatic events in the future, and potentially as a risk management tool. Predictive hindcast depicting mean probability of V. vulnificus during 1991. The scale on the right represents the probability of occurrence, with 25 % as high and 0 % as the low probability [4] water quality management, especially for those bodies that serve as drinking water reservoirs [72] . Remote sensing techniques have been developed for remote sensing of freshwater cyanobacteria based on their absorption and scattering characteristics. Sims et al. [61] developed a technique for quantifying concentrations of phycocyanin, the marker pigment for freshwater cyanobacteria, and found that their algorithm could allow for assessment of cyanobacterial risk to water quality and public health following the World Health Organization [70] guidelines in about 70 % of the cases they considered. Budd et al. [10] exploited the enhanced scattering of light by surface blooms of the toxic cyanobacterium Microcystis to map blooms of this organism using visible band channels on the AVHRR and Landsat Thematic Mapper (TM) sensors. Both these instruments have very broad band sensors and are not optimal for ocean color sensing. But the AVHRR series of sensors have operated without any breaks for almost 30 years, providing daily global coverage and so are ideal for developing long-term time series. The Landsat TM sensor has high spatial resolution (30 m vs. 1 km for AVHRR) and is ideal for small inland water bodies but its frequency is once every 16 days at best, less frequent in cloudy areas and seasons. Nevertheless, using this combination, Budd et al. [11] constructed a time series of satellite-based turbidity maps for Lake Erie from 1987 to 1993, representing a period from before to after zebra mussel (Dreissena polymorpha) establishment in these waters. They showed changes in water quality in Lake Erie and attributed a decrease in turbidity arising from suspended sediment and subsequent increase in incidence of Microcystis blooms to the presence of zebra mussels.
Ocean Bioluminescence
A distinct phenomenon which has been reported by mariners for many centuries is the occurrence of glowing "milky seas" in the surface ocean at night. Research by Lapota et al. [40] suggested that this phenomenon might be due to luminescent bacteria, such as Vibrio harveyi, rather than the well-known bioluminescent dinoflagellates. A ship report by a British merchantman in 1995 was followed up by Miller et al. [50] , who were able to exploit assets of the US Defense Meteorological Satellite Program and their polar-orbiting highly sensitive Operational Linescan System to capture the extent of the surface manifestation of this event, which occurred off the coast of Somalia in the northwest Arabian Sea and covered about 15,000 km 2 (Fig. 8 ). Nealson and Hastings [54] recount how this study came to be and discuss it as an example of scaling a molecular phenomenon happening at the microscale to the global scale at which it was detected. Haddock et al. [28] provide a detailed review of the bioluminescence phenomenon. Another application of bioluminescence is reviewed by Fig. 7 Predicted hindcast depicting the mean probability of V. vulnificus during 1991. The scale on the right represents the probability of occurrence, with 25 % as high and 0 % as low probability (from Banakar et al. [4] ) Frischer et al. [26] who suggest that this phenomenon can be used as a tool for mapping chemical contamination in coastal waters. They use the ratio of bioluminescent to total bacteria (bioluminescent ratio) as a simple and reliable initial indicator of chemical contamination of estuarine systems. While there are no reports currently available in the literature on the use of satellites for this application, it is entirely possible that the Day/Night Band channel on the Suomi National PolarOrbiting Partnership satellite has the radiometric sensitivity and the spatial resolution for this application.
Harmful Algal Blooms
Satellite color remote sensing has been long been employed as a tool to detect harmful algal blooms (HABs) [39, 63] . While a major focus of HAB work has been on certain dinoflagellates and diatoms in coastal waters, certain bloom-forming marine cyanobacteria contain toxins and are also considered HABs (see Baltic Sea and lakes, above) (Fig. 8) . Trichodesmium contains toxins [29] and it has been implicated in fish kills [58] . In the Gulf of Mexico, Trichdesmium has also been implicated in conditioning water, allowing subsequent growth of dinoflagellates such as Karenia brevis. This finding derives from correlations constructed from remote sensing data [41] . Similarly, remote sensing has been used to detail HABs in coastal waters of Vietnam and China [67] .
Conclusions/Future Directions
The use of remote sensing to observe microbes in the open ocean has evolved extensively since the inception of remote sensing as a tool, which began in the 1960s. Improvements in sensors that capture important physicochemical parameters (temperature, salinity, turbidity, chlorophyll a, etc.), coupled with basic and fundamental knowledge regarding the biology, ecology, and growth dynamics of marine microorganisms as well as bio-optical theory, have undoubtedly underpinned this progress. However, several key gaps exist that hinder progress in using remote sensing to observe bacteria. Our ability to monitor coastal waters with satellites is limited by both the lack of sensors with the high spatial, temporal, and spectral resolution in the case of ocean color remote sensing, as well as the lack theoretical approaches to interpret these observations. For example, a space-based salinity sensor cannot map closer than about 200 km from the coast and there are no satellites that can measure coastal sea surface salinity. Similarly, satellite-based wind products are not reliable close to the coast. Equally important, there are few satellite sensors that can provide high spatial and temporal resolution data essential to study dynamic coastal regions that are influenced by tides and can change at hourly increments. The Korean Geostationary sensor, GOCI, is an example of what future sensors such as GEO-CAPE being planned for US coastal waters might be able to provideseveral looks a day at a high spatial resolution of 500 m. Future hyperspectral imagers might also provide the tools to unravel the complexity of coastal waters. Fundamentally, a more globally integrated and cohesive approach to coastal environments should be encouraged that mirrors coverage of the open ocean by satellites. Daily output from high-resolution coastal physical/biogeochemical models that include parameters relevant to management of public health should be made available on a regular basis. Pathogenic bacteria and algae species in the marine environment are not limited by geographical boundaries and many disease outbreaks require transborder and multiregional cooperation in terms of clinical, epidemiological, and risk management response. Indeed, microbial oceanography offers an extraordinary opportunity to appreciate the sensitivity of the ocean's response to climate change and human health, especially as the predictive power of climate models is enhanced [8] . We conclude remote sensing tools can be used to predict waterborne diseases like cholera and other vibriocaused diseases and the development of remote sensing as a public health weapon against those diseases should transcend borders. To this end, we advocate greater national, regional, and international collaborations in this increasingly important research area. Such collaborations will require availability and sharing of large databases of oceanic parameters coupled with reliable epidemiological information to achieve significant progress in our understanding of the role of oceans in human disease dynamics.
